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| Introduction |

Gi1bbs Sampling with Data Augmentation

Problem: Discovering latent semantic structures from data efficiently, Integrate out ®. Gibbs sampling for marginalized distribution:
particularly inference of non-conjugate logistic-normal topic mod- 5N .
els. p(n, ZIW) ocp(W\Z)H(ﬁ S ) (Ma| 1, )
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1. draw topic mixing proportion 84 ~ Dir(c) e Sampling Logistic-Normal parameters with data augmentation
2. for each word n: technique®
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e Logistic-normal Topic Models (including CTM, DTM, infinite
CTM) — For \i: p(\%|Z, W, n)

Existing methods for logistic-normal topic models:

draw N, from 779(1,77’5).

e variational inference, based on mean-field assumption ,
e Fully-Bayesian models

e limitations: subject to high computational cost, inaccuracy and
inapplicability to real world for large scale of data,

Contribution: p(p, XN, Z, W) o< po(p, X Hp Nalw, X) = NIW(
e A partially collapsed gibbs sampling algorithm;
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e Lifficient parallel implementation. @;
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| Logistic-Normal Topic Models ] o D

CTM Generating Process|1]: ag(@) = L L)

TS, B,) is the partition function of Dirichlet distribution.
bC}; is the number of times topic k being assigned to the term ¢ over the whole
’ ‘I n cCorpus.
@ || e @ a @ 0 “With & = Ck — Ng/2 and p(\E|N40) the Polya-Gamma distribution[2]
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e For each document d:

1. draw vector ng ~ /\/(p, >)) and compute the topic mixing |Parallel Implementation I

B eMd
proportion 8q: b7 = K ey e Build upon state-of-the-art distributed sampler |3]
2. for each word n (1 <n < Ny): — No communication is needed infering 14 and A4.
(a) draw topic zg, ~ Mult(0y) — Broadcasting the global variables p and 3 to every machine

(b) draw word wg, ~ Mult(®,, ), ®; ~ Dir(3) after each iteration.

N
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For each 1teration:

. & Posterior distribution p(n,Z, ®|/W) < po(n,Z, ®)p(W|Z, P)
e L[or each document d:

e Non-conjugacy between normal prior and logistic likelihood.
— For each word n (1 <n < Ng): zgn ~ p(zdn

e Variational approximate methods -> strict factorization assump-

: e For each document d:
tions.
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— for each topic k: 0 ~ N (75, (75)%); A ~ PG(\E; Ny, )

|Fast Approximate Sampling | |Experiments |

Fast approximate sampling method to draw PG (n, p) samples, reducing

the time complexity from O(n) to
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o frequency of f(z) with 2z ~ PG(m, p); frequency of samples from

77d ~ p(nd\nd’“, Z W)

o pt=-4.19,C% =19, Ny = 1155, u% = 0.40, 0% = 0.31, { = 5.35.

| Experiments ] e

Data Sets: NIPS paper abstracts, 20Newsgroups, NYTimes (New York

0(1).

3333 3|
TR TR IR
S5 00BN R

—~
®
X
Q
@)

=

0o 1 2 3
k k - Kk
nguPn,ln, =~ 2, W)

Times) corpora, and the Wikipedia corpus.

Measurement: Perplexity

Perp(M) = (Hd . HZ 141 P(wai|Mwg 1.1)) Yi=1(Na—1) where M denotes
the model parameters, wgy 1.7, 1s the observed part of document d.

—1

e (Qualitative analysis on perplexity and training time.

2200— . . 10 | .
wyCct™@M s
“v-gCTM (M=1, P=1) e »

% CTM (M=1, P=12)/ | = . _
32000 t,‘;/ g ( ) 8 - v--V‘ v v L 4 L 4
= . S » -

o T, w , "v.v
21300 “oay v 10%
v %"‘g! g
o * +—
Ton
1600 ' "*'4’%’:':& % yCTM
] -v-gCTM (M=1, P=1)
0 gCTM (M=1, P=12)
20 40 o0 80 100 20 4() 60 80 100
K K
4500 106
gCTM (M=1, P=12)
“*-gCTM (M=40, P=480)
400@ ¢ YILDA (M=40, P=480)
2 N _.10% Il
% K ) hommm kT
I 2. .
53500 % o A o
<3 ’;gl’:/; ,,,,, E= 10£° """""""" Qi Qi &
3000 *I‘I:I:/’*”."ug, ) gCTM (I\/I:]_, P:]_2)
* “*-gCTM (M=40, P=480)
0 0 Y'LDA (M= 40 P= 480)
2500 10

K

e Efficiency

— vCTM becomes impractical when the data size reaches 285K.

— gCTM can handle larger data sets with considerable speed.

200 400 600 800 1000

200 400 600 800 1000
K

Training time of vCTM and gCTM (M = 40)

data set D K | vCTM ¢gCTM
NIPS 1.2K 100 | 1.9 hr 8.9 min
20NG 11K 200 16 hr 9 min

NYTimes 285K 400 | N/A* 0.5 hr
Wiki 6M 1000 | N/A* 17 hr

*not finished within 1 week.

e Sensitivity analysis on hyper-parameters.
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e Scalability analysis
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- M = 8,16, 24, 32,40 each machine processes 150K documents.

- Wikipedia data set with K = 500, as a practical problem.

- As we pour in the same proportion of data and machines, the

training time is almost kept constant. Parallel gCTM enjoys nice
scalability.

| Conclusion ]

e We present a scalable Gibbs sampling algorithm for logistic-normal
topic models.

e Expeirmental results show significant improvement in time effi-
ciency over existing variational methods, with slightly better per-
plexity.

e The algorithm enjoys excellent scalability, suggesting the ability to
extract large structures from massive data.
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